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Abstract
Studies on the size-scaling of phytoplankton growth rate are usually based on temperature-corrected
growth rates or experiments performed at a fixed temperature, but the effects of differing thermal adaptation
of small and large species have not been considered. We use an extensive dataset of phytoplankton growth
rate responses to temperature and cell size to show that the unimodal size-scaling of phytoplankton growth
depends strongly on temperature, and is not significant at high temperatures where the most common pico-
phytoplankton species grow at their optimum. Furthermore, we show that the unimodality results from the
different growth rate scaling of picophytoplankton, which differs phylogenetically from larger phytoplankton
taxa. Using ribosomal RNA sequences we recalculated the size-scaling allometry with Phylogenetic General-
ized Least Squares regression. After phylogenetic correction, the unimodal relationship is not significant at
any temperature, suggesting that the observed curvature reflects the evolutionary adaptation of picophyto-
plankton to the warm conditions usually encountered in oligotrophic environments.
Metabolism is the basis of the energetic exchange
between organisms and the environment. According to the
metabolic theory of ecology (Brown et al. 2004), metabolic
rates (M) scale with cell volume (BV) following a power-law
of the form M/aBVb, where a is a mass-independent normal-
ization constant and b is the size-scaling exponent, which
commonly takes a value of approximately 3/4 (Kleiber 1947).
Hence, mass-specific metabolic rates, such as individual
growth rate, should scale as 21/4 of the organism biovolume
(Hemmingsen 1960; Lopez-Urrutia et al. 2006). In marine
phytoplankton, some studies have supported this theoretical
scaling (Banse 1976; Blasco et al. 1982; Niklas and Enquist
2001; Edwards et al. 2012), although they are usually based
on the study of one or two size classes (Banse 1976; Blasco
et al. 1982). Indeed, the inclusion of a wider range of phyto-
plankton cell size, covering from picophytoplankton to large
diatoms, leads to a weaker (Banse 1982; Sommer 1989; Chis-
holm 1992) or almost inexistent relationship between mass-
specific growth rate and cell volume (Mara~non et al. 2007;
Litchman et al. 2007; Mara~non 2008; Huete-Ortega et al.
2012). The controversy around the allometric scaling value
has increased recently with the report of an unimodal rela-
tionship between mass-specific growth rate and size (Chen
and Liu 2010, 2011; Mara~non et al. 2013). This controversy
has important implications for the function of the global
ecosystem, as the choice of the value is essential to under-
stand the factors that control the marine phytoplankton
community size structure.
According to Chen and Liu (2011), the unimodality in
the phytoplankton allometry can be mainly attributed to the
lower growth rates by the smallest phytoplankton, specially
the unicellular Prochlorococcus and Synechococcus (Chisholm
1992), but also some of the smallest eukaryotic species (Bec
et al. 2008). As a result of evolutionary adaptation to oligo-
trophic regions, picophytoplankton seem to have suffered
from a reduction in genome and cell size (Partensky and
Garczarek 2010). This minimizes the resources necessary to
live but at the cost of having lower growth rates. As cell and
genome size is reduced, the proportion of essential, nonscal-
able cellular components (membranes and nucleic acids)
increases, which leads to a reduction in the fraction of cyto-
plasm available for other scalable, catalytic components such
as those involved in growth rate, tending to decrease growth
rate (Raven 1998; Raven et al. 2013). Raven (1998) suggested
that the unimodal relationship between growth rate and cell
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size might be more a consequence of phylogenetic variations
in the taxon-related constant a in the allometric equation
rather than to changes in b.
The shared evolutionary history of related species estab-
lishes a correlation between data in allometric scaling studies
that, if not accounted for, can result in biased scaling expo-
nents (Capellini et al. 2010; Kolokotrones et al. 2010; Ehnes
et al. 2011). Phylogenetic approaches are commonly used to
deal with intraspecific and interspecific trait variability com-
bining evolutionary relationships between species and corre-
lations between traits (Felsenstein 1985, 2008; Housworth
2004; Ives et al. 2007; Connolly et al. 2008). But the inclu-
sion of such phylogenetic approaches in studies of metabolic
scaling has been controversial, with authors questioning
their validity or utility (Bj€orklund 1994; Ricklefs and Starck
1996; McNab 2008), arguing that phylogenetic correction
does not significantly change the value of the estimated
slope (reviewed in Glazier 2005) and others claiming it is
necessary to provide these analyses (Blackburn and Gaston
1998; Garland et al. 1999). For terrestrial invertebrates,
Ehnes et al. (2011) have shown that the inclusion of phylog-
eny removes the curvatures in allometric scaling models. In
contrast, very few studies have applied phylogenetic
approaches to the study of phytoplankton allometry (Con-
nolly et al. 2008; Bruggeman et al. 2009; Bruggeman 2011).
Failures to detect unimodal allometric scaling have also
been attributed to the lack of homogeneity in the data used.
Mara~non et al. (2013), in an effort to avoid the uncertainties
associated with the analysis of data measured under different
growth conditions, maintained a series of phytoplankton
cultures at the same temperature (18C60.5C) and
obtained a unimodal size scaling of phytoplankton growth
rates. But each phytoplankton species has an optimum tem-
perature at which its growth is maximum (Eppley 1972;
Thomas et al. 2012). The selection of the temperature at
which to perform the size scaling experiments might be non-
trivial if optimum temperature and phytoplankton cell size
are correlated.
In this work, we will assess whether a relationship
between cell size and thermal optimum exists for marine
phytoplankton. We will test the influence of temperature
and the shared evolutionary history of species on allometric
scaling of growth rate. Our final aim is to show that the cur-
vature is the result of the evolutionary specialization of pico-
phytoplankton to the warm conditions usually encountered
in oligotrophic environments.
Material and methods
We used an extensive dataset of phytoplankton growth
responses to temperature compiled by Thomas et al. (2012)
for a total of 194 isolates/strains from estuarine and marine
waters. These traits were estimated from>5000 growth rate
measurements, synthesized from 81 studies between 1935
and 2011. This dataset only includes experiments where
resources, such as light or nutrients, were not limited [details
are provided in the supplementary information in Thomas
et al. (2012)].
To explore the relationship between cell size, maximum
growth rate, and temperature, we compiled cell volumes for
each of the phytoplankton species in Thomas et al.’s (2012)
dataset. Cell volumes were collected from the literature (Sup-
porting Information Table S1). Cell sizes in the dataset
ranged from 1.1 3 1021 lm3 to 2.5 3 105 lm3 (0.59–78.16
equivalent spherical diameter (ESD)).
Our hypothesis relies on the fact that the curvature is the
result of the picophytoplankton adaptation to oligotrophic
conditions and thus to the warm temperatures that usually
characterized these areas. Hence, this implies two different
but at the same time interrelated effects: temperature and
phylogeny. Here, we will test on one hand if the small spe-
cies form a phylogenetic branch well separated from the
larger ones. On the other hand, we will test how the growth
rate measured at different temperatures may influence the
size-scaling of growth for marine phytoplankton.
To test whether the shared evolutionary history of species
influence the emergence of the unimodal pattern in size
scaling of growth rates, we assessed the phylogenetic similar-
ity between species using the ribosomal RNA (rRNA) gene as
phylogenetic marker and calculating branch lengths between
species in the phylogenetic tree. 18S (for eukaryotes) and
16S (for prokaryotes) rRNA sequences of the species in the
compilation by Thomas et al. (2012) were retrieved from the
GenBank database when available, resulting in a total of 121
isolates/strains. In those cases where a strain had not been
sequenced, we selected another strain of the same species,
assuming that the similarity between strains of the same spe-
cies should be high. When a species had several thermal
growth response curves recorded but the phylogenetic infor-
mation was restricted only to one strain, we calculated an
average thermal response for that species.
Phylogenetic analyses
To introduce the information provided by the phyloge-
netic tree into the allometric scaling analysis, a Phylogenetic
Generalized Least Squares (PGLS) regression (Felsenstein
1985) was applied. Unlike standard linear regression, this
accounts for the fact that data points might be correlated as
result of shared evolutionary history. Under the assumption
that the trait evolves randomly (e.g., Brownian motion),
closely related species have closer trait values. The PGLS uses
branch lengths in the phylogenetic tree to estimate the cor-
relation between traits, thereby correcting the dependence of
data points.
Alignment of RNA sequences to build the phylogenetic
tree was done with MUSCLE (using default settings) through
the muscle package (Edgar 2004) in R (R Development Core
Team 2008). The ends of the alignment were manually
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trimmed. The tree was calculated using maximum-likelihood
(ML) analysis carried out using PhyML v.3.1 (Guindon and
Gascuel 2003), with the GTR1gamma1I model selected as
the best tree using the Akaike information criterion (AIC)
(Akaike 1974). Package ape (Paradis et al. 2004) was used to
call these external applications from R.
Following the methodology described in Kolokotrones
et al. (2010), we used Pagel’s covariance structure (Pagel
1999) for the PGLS. This structure allows to account for
covariance due to evolution including an extra parameter, k.
Although a Brownian motion (i.e., traits have evolved ran-
domly) is assumed to model the variance of a particular spe-
cies, the introduction of k attenuates the correlation
between species. This value is optimized during the fitting
process and test for phylogenetic signal in the data taking
values from 0 (phylogenetic independence between data) to
1 (original diffusion model with untransformed branch
lengths). The PGLS was also applied using the ape package.
Size-scaling of growth rate and species thermal tolerance
curves
We used the compilation of growth responses to tempera-
ture provided by Thomas et al. (2012) to fit the thermal tol-
erance curve of each species. We followed the same
procedure as Thomas et al. (2012) and applied a maximum
likelihood estimation using the bbmle package in R (R Devel-
opment Core Team 2008). Using the thermal tolerance curve
of each species, the optimum temperature was selected as
the temperature at which growth rate is maximum.
These thermal tolerance curves provide estimates, for
each species, of the growth rate at different temperatures.
We calculated the size scaling of growth rate at 1C intervals
from 2C to 33C using for each species the predicted
growth rate from the thermal tolerance curve. To avoid
extrapolation problems that might bias the estimated growth
rates at temperatures outside the range of the measured tem-
peratures, we have restricted the predicted values to the tem-
perature range where each species has been measured. When
at the maximum (or minimum) temperature measured the
growth is 0, we considered that the species will not grow
above (or below) that temperature. However, if the measured
growth rate at the extreme temperature is higher than 0, we
removed any prediction outside that temperature as it would
not be realistic. We did not include on the analyses those
estimated growth rates lower or equal to 0, assuming that if
a species has a negative (or 0) growth it cannot grow.
Finally, linear and quadratic regressions were then applied to
the log–log relationship between growth rate and cell size at
each temperature, both with and without phylogenetic
correction.
Results
The optimum temperature for growth and cell volume are
correlated (r250.04, p<0.05, Fig. 1a). Species with a cell vol-
ume lower than 2 lm ESD (i.e., picophytoplankton species,
which compose a total of 23 of the strains shown here) show
maximum growth rates at temperatures higher than 22C,
while larger species (a total of 98 strains) have optimum tem-
peratures for growth between 2C and 33C. The small species
in Thomas et al.’s (2012) dataset are adapted to warm condi-
tions whereas large phytoplankton species are more diverse
regarding their optimum temperatures for growth with species
with optima along almost the full ocean thermal range (Fig.
1a). Regardless of cell-size, and resembling Eppley’s (1972) pat-
tern, the maximum growth rate of species which have a
growth optimum in warm conditions is higher than that of
species with an optimum in colder environments. There is an
exponential relationship between maximum growth rate of
Fig. 1. Relationship between species optimum temperature and (a) cell size and (b) maximum growth rate. Gray dots show species composing the
picophytoplankton.
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each species and optimum temperature (Fig. 1b,
log10(l)max50.013 3 T20.41, r
250.07, p<0.01).
The temperature dependence on the maximum growth
rate should be removed to discern its effect from that of size
in the analysis of the size-scaling of growth. For this reason
and to correct the temperature effect, we used a multiple
regression including temperature and cell size as predictors
(Fig. 2). The quadratic term in the relationship
log10(l)max5Temp1 log10 (BV)1 log10 (BV)
2 is significant
(r250.12, p<0.01) and the quadratic model is a better pre-
dictor than the linear model (r250.07, p50.014, D
AIC55.5, Fig. 2). This unimodal pattern is mainly due to
the picophytoplankton species having lower than average
growth rates.
We replicated these analyses applying a PGLS regression
to the dataset. The quadratic term is no longer significant
(k50.95, p50.205, D AIC56.49) and the linear fit (k50.94,
p50.058) is now a better predictor. The relationship
between temperature corrected growth rate and cell size was
not significant for Thomas et al.’s (2012) data. In addition, k
values were close to 1 for all analyses revealing a strong phy-
logenetic signal in the data. This implies that differences in
the species growth rate are correlated with the phylogenetic
distance between species. These results suggest that the
observed curvature in the size scaling of growth rate is a con-
sequence of the shared evolutionary history. Conversely, the
temperature slope was different for nonphylogenetical and
PGLS analyses (Table 1), what suggest a phylogenetic effect
on the different thermal adaptation of phytoplankton
species.
Up to this point, we have evaluated the combined effects
of temperature and phylogeny on the allometric scaling of
growth rates. This is the common practice when data are
compiled for different species measured at different tempera-
tures. The alternative way to analyze the size scaling of
growth is to measure the growth rates of a set of species at
the same temperature (e.g., Mara~non et al. 2013). With the
growth vs. temperature growth curves, we can simulate such
experiments at different temperatures. For each temperature,
we estimate the growth rate of each species and use that
data to analyze the size scaling. For example, Fig. 3a repre-
sents the growth estimates at 30C. If we calculate with the
data for all species (gray circles) the size scaling, the quad-
ratic term is not significant (Quadratic model: r250.04,
p50.153; linear model: r250.003, p50.68). Similarly, at
12C we can plot the predicted growth rates for each species
(Fig. 3b) but here the quadratic term is significant and better
predictor than the linear one (Quadratic model: r250.18,
p<0.001, AIC583.57; linear model: r250.06, p50.02, D
AIC510.8). We can repeat this process at 1C intervals from
2C to 33C and calculate the significance of the quadratic
term (column “p value” in Fig. 3c) for each temperature. We
estimate the growth rate of each species and use all data to
Fig. 2. Size scaling of growth for Thomas et al.’s (2012) data. Black
solid and dashed lines correspond to a linear and quadratic fits, respec-
tively. Gray solid and dashed lines correspond to a linear and quadratic
PGLS fits, respectively. Regression equations are shown in Table 1. A
common slope for temperature of 0.009 (calculated as the mean tem-
perature slope for all analyses) was used to plot the relationship between
temperature-corrected growth rate and cell size.
Table 1. Parameters for the size scaling relationships of phytoplankton growth rate using multiple linear and quadratic regressions
with both size and temperature as predictors. Results for both nonphylogenetical and PGLS analyses are shown. Linear model:
log10(l)max5 aTemp1 b log10(BV)1 d. Quadratic model: log10(l)max5 aTemp1 b log10(BV)1 c log10(BV)
21 d. Number of data
points was 121 for all analyses.
Non-PGLS a b c d r2 p AIC
Linear 0.01260.005 20.01860.021 20.33860.125 0.07 0.014 56.05
Quadratic 0.0160.004 0.08860.044 20.02460.009 20.40860.124 0.12 <0.01 50.55
PGLS a b c d k p AIC
Linear 0.00560.004 20.05860.03 20.17660.474 0.94 0.058 45.62
Quadratic 0.00560.004 20.21960.13 0.02560.019 20i.01560.52 0.95 0.205 52.11
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analyze the size scaling (i.e., no binning is used here). The
unimodal growth rate scaling does not occur at the extremes
of the thermal range. At the highest temperatures, the
growth rates of picophytoplankton are not significantly
lower than those of nanophytoplankton and microphyto-
plankton. The quadratic term was not significant at low tem-
peratures, but we lack growth data for small species in this
thermal range, i.e., below 10C for picophytoplankton and
below 6C for nanoplankton. At temperatures from 10C to
27C, the unimodal scaling of phytoplankton growth rate is
significant and contributes to explain a significant amount
of the variance (right panel in Fig. 3c). A significant unimo-
dal relationship appears at 33C. We think this could be due
on one hand to the scarcity of data measured at extreme
temperatures and, on the other hand, to have been restricted
the database to only those species that have been sequenced.
When the whole dataset is used, the significance of the
quadratic fit is restricted from 11C to 26C (see Supporting
Information Fig. S1). Nevertheless, when a PGLS is applied
to the size scaling of growth rate at each temperature, and
hence the shared evolutionary history of species is taken
into account, the curvature is no longer significant at any
temperature, supporting the hypothesis of its evolutionary
origin. The color matrix plot in Fig. 3c summarizes these
results. For each temperature degree, we split the cell size
range into seven different classes and calculated the average
growth rate for each cell size bin. These averaged growth
rates are shown on Fig. 3a,b as color points. Notice that bin-
ning was used only for visualization and was not taken into
account on the analyses. The different number of species
within each size bin may bias the average values. For
instance, only two species comprise the second size bin, so a
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Fig. 3. Effect of temperature on the size scaling of growth rate. Panels on the left show the size scaling of growth (log10 transformed) for predicted
growth rates at (a) 30C and (b) 12C. Gray dots show all data points whereas colors dots show the corresponding averaged growth rates for each
size bin as used in the color matrix plot (c). The black solid line corresponds to a linear fit. The black dashed line corresponds to a quadratic fit. Linear
fit in (a): log10(l)50.03 3 log10(BV)20.55; ANOVA: r
250.003, n563, p-value50.68. Linear fit in (b): log10(l)520.09 3 log10(BV)20.16;
ANOVA: r250.06, n593, p-value50.019. Quadratic fits are shown in the panels. (c) The color matrix shows for each temperature from 2C to 33C
(y axis) the averaged growth rate at each cell size bin (x axis). The p-value column shows the degree of significance of the quadratic fit for the log10-
log10 relationship between growth rate and cell size using all data points (no data binning). When the quadratic term is not significant, i.e., p-val-
ue>0.05 the box appears empty. (*) indicates p-value<0.05, (**) indicates p-value<0.01 and (***) p-value<0.001. The right panel shows the ratio
between the r-squared of the quadratic term and the r-squared of the linear term for the different fits at each temperature, i.e., the proportional
increase in explained variance of the quadratic fit in relation to the linear fit.
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higher number of species would help to get a more accurate
result. Our results show a clear pattern where as we move
toward higher temperatures the curvilinear scaling disap-
pears. The unimodality on the relationship between cell size
and growth rate depends strongly on temperature and it is
not significant from 27C upward, i.e., where picophyto-
plankton grows at their optimum temperatures.
Discussion
The role of the evolutionary history of species on allomet-
ric scaling of marine phytoplankton has hardly been consid-
ered explicitly. We have evaluated the causes of the
unimodal relationship between mass-specific growth rate
and cell size (Chen and Liu 2011; Mara~non et al. 2013). We
have used PGLS regression (Felsenstein 1985) to understand
the evolutionary effects on the linear and quadratic fits. Our
results show that the quadratic/unimodal relationship is not
significant after the phylogenetic correlation in the data is
taken into account.
The curvature in the scaling relationship between mass-
specific growth rate and cell size is mainly due to the inclusion
of prokaryotic picophytoplankton in the analysis, but also to
some picoeukaryote cells (Bec et al. 2008). When we compare
the growth rate of phytoplankton species at their thermal
optimum (Fig. 2 and Supporting Information Fig. S2), pico-
phytoplankton have lower growth rates than larger phyto-
plankton but when phylogenetic correction is used, these
lower growth rates are not explained by size. The same expla-
nation has been found to occur in the dataset given by Lopez-
Urrutia et al. (2006) as analyzed by Chen and Liu (2011) (see
Supporting Information Fig. S3). Chen and Liu (2011) sug-
gested that the unimodal pattern may be the result of evolu-
tionary adaptation of picophytoplankton to nutrient
availability in oligotrophic environments. This was pointed
out originally by Raven (1998), who suggested that the reduc-
tion in size in picophytoplankton increases the availability of
resources at low nutrient levels but at the cost of a reduction
in the proportion of scalable components devoted to cell
growth. In addition, marine picocyanobacteria such as Pro-
chlorococcus or Synechococcus form a phylogenetic branch sepa-
rated not only from larger phytoplankton taxa but also from
larger species within the cyanobacteria group (Supporting
Information Fig. S4). Specially, Prochlorococcus has suffered an
extensive genome streamlining that has affected most line-
ages at different proportions (Palenik 1994; Urbach et al.
1998; Rocap et al. 2002; Penno et al. 2006). Hence, the high
variability of growth rates exhibited within the Prochlorococcus
group (Fig. 1b) seems to correspond to different levels of
genome streamlining rather to be a consequence of its tiny
cell size (Partensky and Garczarek 2010). Recent studies sug-
gest that both genome and cell size are mutually correlated
(Ting et al. 2007) and, therefore, they have decreased concur-
rently during evolution as an adaptative feature to profit from
the surrounding conditions (Partensky and Garczarek 2010).
This interrelation between phylogeny, size, and growth rate
is evidenced by the strong phylogenetic signal in our data
(k>0.9). The growth rate and size estimates for the different
species are not independent: closely related species have
growth rates and sizes more similar than species selected at
random. The independence of data is one of the assumptions
of conventional methods for data analysis and its violation
might have various consequences, from biases in the regres-
sion coefficients to severe underestimation of uncertainties
related to these values. Hence, if instead of using a phyloge-
netic correction as we do, all observations were treated as inde-
pendent (Tang 1995; Finkel 2001; Lopez-Urrutia et al. 2006;
Litchman et al. 2007), a biased association may be observed
between growth rate and cell size. However, phylogenetic
regressions have also been criticized mainly for two reasons:
first, because these methods attribute to ecology the remaining
variation in character after phylogenetic correction, giving
thus priority to the latter over ecology when, actually, they are
not mutually exclusive because of the phylogenetic niche con-
servatism (Harvey and Pagel 1991; Freckleton et al. 2002). Sec-
ond, phylogenetic regressions imply the validity of a
“Brownian motion” to explain the constant rate of variability
through the different branches of the phylogeny, which is not
always appropriate. Yet, when a strong phylogenetic signal is
apparent, as is the case here, we argue that accounting for the
shared evolutionary history of species is essential to avoid
biased conclusions due to the nonindependence in the data
(Martins and Garland 1991; Bruggeman 2011). In the litera-
ture, in those cases where the curvature in metabolic scaling
has been found to be relevant (e.g., Kolokotrones et al. 2010),
the quadratic term was found significant after phylogenetic
correction, which warrants an interpretation of the curvature
independent of the evolutionary history of species.
The relevance of the inclusion of picophytoplankton is
evident in previous studies which only considered larger spe-
cies and reported linear exponents (Banse 1982; Sommer
1989; Finkel 2001; Lopez-Urrutia et al. 2006; Litchman et al.
2007). It has been shown that the value of the linear expo-
nent depends on the size range considered (see Fig. 2 in
Chen and Liu 2011). For instance, the difference in the 21/4
exponent observed by Lopez-Urrutia et al. (2006) and the
slope of 0.03 obtained in Supporting Information Fig. S3 is
that the former study only considered data where both phy-
toplankton volume and growth rate were measured in the
same experiment. For Supporting Information Fig. S3, we
have also used volume estimates measured for the same spe-
cies in other studies, which extends the size range to pico-
phytoplankton and substantially reduces the size scaling
slope. This low slope is apparent using either cell volume
(Supporting Information Fig. S3) or carbon biomass (see Fig.
1b in Chen and Liu 2011). Our analysis for the Thomas
et al.’s (2012) compilation, where the slope is also lower
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than 0.1, support that the size-scaling of marine phytoplank-
ton departs significantly from the predicted 21/4 power rule
(Mara~non et al. 2007) and mass-specific growth rate scales
independent of body volume when a large range size is con-
sidered (Mara~non et al. 2013).
These confounding effects of phylogeny, size, and growth
rate are further increased when we also consider that tempera-
ture affects both growth rates and phytoplankton cell size,
and complicated by the evolutionary adaptation of picophy-
toplankton to warm environments. To correct for the effects
of temperature on growth rate when data are compiled for
species growing at different temperatures, an exponential rela-
tionship between temperature and growth is used to standard-
ize the growth rates of all species to the same temperature.
However, this correlation (Fig. 1b) and therefore the assumed
exponent for the temperature correction might be biased by
the fact that cell volume is also correlated to temperature (Fig.
1a) and picophytoplankton species (theoretically with lower
growth rates) are predominantly present at the highest tem-
peratures. As we show here, when a PGLS regression is applied
the coefficient for the temperature correction changes, what
suggest that this different thermal adaptation of picophyto-
plankton is also the result of the shared evolutionary history
of species. The choice of the thermal dependence exponent
might introduce some bias in the size scaling analysis (Sal and
Lopez-Urrutia 2011). A priori, this caveat might be avoided
measuring the growth rate of all species under study at the
same temperature. But, paradoxically, our results show that
the size scaling of phytoplankton growth rates is largely
dependent on the temperature at which growth rates are
measured. For instance, the non-phylogenetically corrected
unimodal scaling of phytoplankton growth rate is significant
from 10C to 27C, but not at higher or colder temperatures.
Hence, our results support the unimodality at 18C reported
by Mara~non et al. (2013) but we add the perspective that, if
growth rates were measured at different temperatures the size
scaling might have differed.
These results are due to the adaptation of picophyto-
plankton to warm temperatures, characteristic of oligotro-
phic conditions, where their higher surface to volume ratio
makes them advantageous for resource acquisition. Larger
species, dominant in eutrophic environments, have a more
diverse thermal preference and may have optimum tempera-
tures along the full ocean thermal range (Fig. 1b). At warm
temperatures, the picophytoplankton species in Thomas
et al.’s (2012) compilation are all at their thermal optimum.
Nanophytoplankton and microphytoplankton species either
have their optimum at high temperatures, or are adapted to
temperate conditions but are, nevertheless, able to grow at
higher temperatures. The inclusion of data of species out of
their thermal optimum results in a different pattern in Fig.
3a than in Supporting Information Fig. S1 where only spe-
cies that have their thermal optimum at high temperatures
are considered. The optimum temperature of the species
seems to be the result of evolutionary adaptation to the
environmental conditions they experience locally (Thomas
et al. 2012). As picophytoplankton, specially Prochlorococcus
strains, are usually most abundant in the warm oligotrophic
waters (Flombaum et al. 2013), they are expected to have
optimum growth at high temperatures. However, this does
not mean that there are no picophytoplankton in cold envi-
ronments. Chen et al. (2014) argued that there is not
enough evidence to prove that picophytoplankton in general
prefer warm conditions. Except Prochlorococcus, other pico-
phytoplankton do have a wide geographic distribution (Li
et al. 2009; Flombaum et al. 2013). But even those picophy-
toplankton species being able to grow at low temperatures
(<10C), such as some strains of Synechococcus, have opti-
mum for growth at higher temperatures (Pittera et al. 2014).
Failure to have an optimum does not imply it cannot grow
at low temperatures. Until now, only one isolate of Micromo-
nas pusilla, has been found to grow optimally at 6–8C
(Lovejoy et al. 2007). It is a psychrophilic Artic endemic eco-
type that differs from other isolates of this genus showing
higher optimum temperatures (Throndsen 1976). More data
of isolates from cold environments should be needed to sup-
port our conclusions and see if the optimal temperature of
picophytoplankton distributes along the full thermal range,
as occur for larger species, or not. Similarly, we admit that
the very few number of picophytoplankton observations, in
part due to the insufficient number of sequences, could
mask the significance of the quadratic term. There is hence a
clear need to obtain more thermal response curves for the
growth rate of other picophytoplankton species.
Our temperature simulation experiment combines the
estimation of thermal reaction norms to predict the growth
rate of each species at different temperatures and the analy-
sis of size scaling at each temperature. Ideally, these results
should be confirmed experimentally by making a full experi-
mental design where both temperature responses and size-
scaling experiments are performed in parallel. But, the num-
ber of treatments in such a factorial design would make the
study almost impractical. Community wide attempts (Boyd
et al. 2013) might be the solution to fully test our hypothe-
sis. Although the collation of data in Thomas et al. (2012)
that we used to estimate the thermal reaction curves comes
from a wide range of experimental protocols, a recent com-
parison with the dataset from such a community-wide study
(Boyd et al. 2013) found slight differences on the maximum
growth rate of species, but optimum temperatures and ther-
mal reaction norms were similar across studies.
To construct a simple model including all the effects of
size, phylogeny, and temperature on growth rate is still hard.
A complicated model, although comprehensive, is of little use
in biology-physics coupled models. Perhaps from another per-
spective, the low R2 in the size-scaling models of phytoplank-
ton specific growth rate suggests that the unimodal pattern is
trivial even if it does exist. The phylogeny-dependent and
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isometric growth rate model might be a good model that can
be used in large-scale modeling exercises.
Although our results reveal that the unimodal scaling
depends on temperature, the role of phylogeny seems to be
much more important. Even at low temperatures, where pico-
phytoplankton shows very low growth rates, a curvature
appears to be non significant after phylogenetic correction. In
summary, our results state that the allometric slope of phyto-
plankton growth rates is variable and do not consistently sup-
port a specific theoretical value when a large range of cell sizes
are included. The strong phylogenetic signal exhibited in our
data reveals that phylogeny should be borne in mind in allo-
metric studies, as variability on the species growth rates seems
to be consequence of a common evolutionary history rather
than uniquely an effect of their size. This supports Raven’s
(1998) hypothesis that picophytoplankton have lower growth
rates in an effort to increase the efficiency of resources acquisi-
tion at low nutrient levels. Adaptations such as the latter have
been a common feature along the evolutionary history of
organisms. The transition across major evolutionary groups,
such as from prokaryotes to unicellular eukaryotes, has been
followed not only by increases in size but also by structural
and functional innovations in order to overcome existing con-
strains. Each evolutionary group displays a different scaling
that reflects the way in which metabolic rates are limited by
either the number of complexes where ATP synthesis occur or
by changes on cell surface area that affects resource supply
rates. As cell size increases and these limitations come true,
new metabolic designs have allowed to overcome them, giving
rise to a different size-scaling (DeLong et al. 2010). This shift
in metabolic scaling from prokaryotes to eukaryotes (DeLong
et al. 2010) thus would be in accordance with the unimodal
scaling of phytoplankton growth due to the different growth
rate scaling of prokaryotic picophytoplankton.
References
Akaike, H. 1974. A new look at the statistical model identifi-
cation. IEEE Trans. Autom. Control 19: 716–723. doi:
10.1109/TAC.1974.1100705
Banse, K. 1976. Rates of growth, respiration and photosynthe-
sis of unicellular algae as related to cell size. A review. J. Phy-
col. 12: 135–140. doi:10.1111/j.1529-8817.1976.tb00490.x
Banse, K. 1982. Cell volumes, maximal growth rates of uni-
cellular algae and ciliates, and the role of ciliates in the
marine pelagial. Limnol. Oceanogr. 27: 1059–1071. doi:
10.4319/lo.1982.27.6.1059
Bec, B., Y. Collos, A. Vaquer, D. Mouillot, and P. Souchu.
2008. Growth rate peaks at intermediate cell size in
marine photosynthetic picoeukaryotes. Limnol. Oceanogr.
53: 863–867. doi:10.4319/lo.2008.53.2.0863
Bj€orklund, M. 1994. The independent constrasts method in
comparative biology. Cladistics 10: 423–433. doi:10.1111/
j.1096-0031.1994.tb00188.x
Blackburn, T. M., and K. Gaston. 1998. Some methodological
issues in macroecology. Am. Nat. 151: 68–83. doi:
10.1086/286103
Blasco, D., T. T. Packard, and P. C. Garfield. 1982. Size
dependence of growth rate, respiratory electron transport
system activity, and chemical composition in marine dia-
toms in the laboratory. J. Phycol. 18: 58–63. doi:10.1111/
j.1529-8817.1982.tb03156.x
Boyd, P., and others. 2013. Marine phytoplankton tempera-
ture versus growth responses from polar to tropical waters
- Outcome of a scientific community-wide study. PLoS
ONE 8: e63091. doi:10.1371/journal.pone.0063091
Brown, J. H., J. F. Gillooly, A. P. Allen, V. M. Savage, and G.
B. West. 2004. Toward a metabolic theory of ecology.
Ecology 85: 1771–1789. doi:10.1890/03-9000
Bruggeman, J. 2011. A phylogenetic approach to the estima-
tion of phytoplankton traits. J. Phycol. 47: 52–65. doi:
10.1111/j.1529-8817.2010.00946.x
Bruggeman, J., J. Heringa, and B. Brandt. 2009. PhyloPars:
Estimation of unknown parameters using phylogeny.
Nucleic Acids Res. 37: 179–184. doi:10.1093/nar/gkp370
Capellini, I., C. Venditti, and R. Barton. 2010. Phylogeny
and metabolic scaling in mammals. Ecology 91: 2783–
2793. doi:10.1890/09-0817.1
Chen, B., and H. Liu. 2011. Comment: Unimodal relation-
ship between phytoplankton-mass-specific growth rate
and size: A reply to the comment by Sal and Lopez-
Urrutia (2011). Limnol. Oceanography 56: 1956–1958.
doi:10.4319/lo.2011.56.5.1956
Chen, B., H. Liu, B. Huang, and J. Wang. 2014. Temperature
effects on the growth rate of marine picoplankton. Mar.
Ecol. Prog. Ser. 505: 37–47. doi:10.3354/meps10773
Chen, B. Z., and H. B. Liu. 2010. Relationships between phy-
toplankton growth and cell size in surface oceans: Interac-
tive effects of temperature, nutrients, and grazing.
Limnol. Oceanogr. 55: 965–972. doi:10.4319/
lo.2010.55.3.0965
Chisholm, S. 1992. Phytoplankton size, p. 213–237. In P. Fal-
kowski, A. Woodhead, and K. Vivirito, [eds.], Environ-
mental Science Research, Vol. 43. Springer.
Connolly, J. A., M. J. Oliver, J. M. Beaulieu, C. A. Knight, L.
Tomanek, and M. A. Moline. 2008. Correlated evolution
of genome size and cell volume in diatoms (Bacillariophy-
ceae). J. Phycol. 44: 124–131. doi:10.1111/j.1529-
8817.2007.00452.x
DeLong, J., J. Okie, M. Moses, R. Sibly, and J. H. Brown.
2010. Shifts in metabolic scaling, production, and effi-
ciency across evolutionary transitions of life. Proc. Natl.
Acad. Sci. 107: 12941–12945. doi:10.1073/
pnas.1007783107
Edgar, R. 2004. MUSCLE: Multiple sequence alignment with
high accuracy and high throughput. Nucleic Acids Res.
32: 1792–1797. doi:10.1093/nar/gkh340
Sal et al. Temperature, phylogeny, & phytoplankton allometry
1219
Edwards, K., M. Thomas, C. Klausmeier, and E. Litchman.
2012. Allometric scaling and taxonomic variation in
nutrient utilization traits and maximum growth rate of
phytoplankton. Limnol. Oceanogr. 57: 554–556. doi:
10.4319/lo.2012.57.2.0554
Ehnes, B., B. Rall, and U. Brose. 2011. Phylogenetic group-
ing, curvature and metabolic scaling in terrestrial inverte-
brates. Ecol. Lett. 14: 993–1000. doi:10.1111/j.1461-
0248.2011.01660.x
Eppley, R. W. 1972. Temperature and phytoplankton growth
in sea. Fish. Bull. 70: 1063–1085.
Felsenstein, J. 1985. Phylogenies and the comparative
method. Am. Nat. 125: 1–15. doi:10.1086/284325
Felsenstein, J. 2008. Comparative methods with sampling
error and within-species variation: Contrasts revisited and
revised. Am. Nat. 171: 713–725. doi:10.1086/587525
Finkel, Z. V. 2001. Light absorption and size scaling of light-
limited metabolism in marine diatoms. Limnol. Ocean-
ogr. 46: 86–94. doi:10.4319/lo.2001.46.1.0086
Flombaum, P., and others. 2013. Present and future global
distributions of the marine Cyanobacteria Prochlorococcus
and Synechococcus. Proc. Natl. Acad. Sci. USA 110: 9824–
9829. doi:10.1073/pnas.1307701110
Freckleton, R., H. Harvey, and M. Pagel. 2002. Phylogenetic
analysis and comparative data: A test and review of evi-
dence. Am. Nat. 160: 712–726. doi:10.1086/343873
Garland, T., P. Midford, and A. Ives. 1999. An introduction
to phylogenetically-based statistical methods with a new
method for confidence intervals on ancestral values. Am.
Zool. 39: 374–388. doi:10.1093/icb/39.2.374
Glazier, D. 2005. Beyond the “3/4-power law”: Variation in
the intra-and interspecific scaling of metabolic rate in ani-
mals. Biol. Rev. 80: 611–662. doi:10.1017/
S1464793105006834
Guindon, S., and O. Gascuel. 2003. PhyML: ‘A simple, fast
and accurate algorithm to estimate large phylogenies by
maximum likelihood’. Syst. Biol. 52: 696–704. doi:
10.1080/10635150390235520
Harvey, P., and M. Pagel. 1991. The comparative method in
evolutionary biology. Oxford Univ. Press.
Hemmingsen, A. M. 1960. Energy metabolism as related to
body size and respiratory surfaces, and its evolution. Rep.
Steno Mem. Hosp. 9: 15–22.
Housworth, E. A. 2004. The phylogenetic mixed model. Am.
Nat. 163: 84–96. doi:10.1086/380570
Huete-Ortega, M., P. Cerme~no, A. Calvo-Dıaz, and E.
Mara~non. 2012. Isometric size-scaling of metabolic rate
and the size abundance distribution of phytoplankton.
Proc. R. Soc. B Biol. Sci. 279: 1815–1823. doi:10.1098/
rspb.2011.2257
Ives, A. R., P. E. Midford, and T. Garland. 2007. Within-spe-
cies variation and measurement error in phylogenetic
comparative methods. Syst. Biol. 56: 252–270. doi:
10.1080/10635150701313830
Kleiber, M. 1947. Body size and metabolic rate. Physiol. Rev.
27: 511–541.
Kolokotrones, T., V. Savage, E. J. Deeds, and W. Fontana.
2010. Curvature in metabolic scaling. Nature 464: 753–
756. doi:10.1038/nature08920
Li, W. K. W., F. A. McLaughlin, C. Lovejoy, and E. C.
Carmack. 2009. Smallest algae thrive as the arctic ocean
freshens. Science 326: 539. doi:10.1126/science.1179798
Litchman, E., C. A. Klausmeier, O. M. Schofield, and P. G.
Falkowski. 2007. The role of functional traits and trade-
offs in structuring phytoplankton communities: Scaling
from cellular to ecosystem level. Ecol. Lett. 10: 1170–
1181. doi:10.1111/j.1461-0248.2007.01117.x
Lopez-Urrutia, A., E. San Martin, R. P. Harris, and X.
Irigoien. 2006. Scaling the metabolic balance of the
oceans. Proc. Natl. Acad. Sci. USA 103: 8739–8744. doi:
10.1073/pnas.0601137103
Lovejoy, C., and others. 2007. Distribution, phylogeny, and
growth of cold-adapted Picoprasinophytes in Artic sea. J.
Phycol. 43: 78–89. doi:10.1111/j.1529-8817.2006.00310.x
Mara~non, E. 2008. Inter-specific scaling of phytoplankton
production and cell size in the field. J. Plankton Res. 30:
157–163. doi:10.1093/plankt/fbm087
Mara~non, E., P. Cerme~no, J. Rodriguez, M. V. Zubkov, and R.
P. Harris. 2007. Scaling of phytoplankton photosynthesis
and cell size in the ocean. Limnol. Oceanogr. 52: 2190–
2198. doi:10.4319/lo.2007.52.5.2190
Mara~non, E., and others. 2013. Unimodal size scaling of phyto-
plankton growth and the size dependence of nutrient uptake
and use. Ecol. Lett. 16: 371–379. doi:10.1111/ele.12052
Martins, E., and T. Garland. 1991. Phylogenetic analyses of
the correlated evolution of continuous characters: A simu-
lation study. Evolution 45: 534–557. doi:10.2307/2409910
McNab, B. 2008. An analysis of the factors that influence the
level and scaling of mammalian BMR. Comp. Biochem.
Physiol. A Mol. Integr. Physiol. 151: 5–28. doi:10.1016/
j.cbpa.2008.05.008
Niklas, K. J., and B. J. Enquist. 2001. Invariant scaling rela-
tionships for interspecific plant biomass production rates
and body size. Proc. R. Soc. B Biol. Sci. 98: 2922–2927.
doi:10.1073/pnas.041590298
Pagel, M. 1999. Inferring the historical patterns of biological
evolution. Nature 401: 887–884. doi:10.1038/44766
Palenik, B. 1994. Cyanobacterial community structure as
seen from RNA polymerase gene sequence analysis. Appl.
Environ. Microbiol. 60: 3212–3219.
Paradis, E., J. Claude, and K. Strimmer. 2004. APE: Analyses
of phylogenetics and evolution in R language. Bioinfor-
matics 20: 289–290. doi:10.1093/bioinformatics/btg412
Partensky, F., and L. Garczarek. 2010. Prochlorococcus: Advan-
tages and Limits of Minimalism. Annu. Rev. Mar. Sci. 2:
305–331. doi:10.1146/annurev-marine-120308-081034.
Penno, S., D. Lindell, and A. Post. 2006. Diversity of Synechococ-
cus and Prochlorococcus populations determined from DNA
Sal et al. Temperature, phylogeny, & phytoplankton allometry
1220
sequences of the N-regulatory gene ntcA. Environ. Micro-
biol. 8: 1200–1211. doi:10.1111/j.1462-2920.2006.01010.x
Pittera, J., F. Humily, M. Thorel, D. Grulois, L. Garczarek,
and C. Six. 2014. Connecting thermal physiology and lat-
itudinal niche partitioning in marine Synechococcus. ISME
J. 8: 1221–1236. doi:10.1038/ismej.2013.228
R Development Core Team. 2008. R: A language and envi-
ronment for statistical computing. R Foundation for Sta-
tistical Computing.
Raven, J. 1998. The twelfth Tansley lecture. Small is beauti-
ful: The picophytoplankton. Funct. Ecol. 12: 503–513.
doi:10.1046/j.1365-2435.1998.00233.x
Raven, J. A., J. Beardall, A. W. D. Larkum, and P. Sanchez-
Baracaldo. 2013. Interactions of photosynthesis with
genome size and function. Philos. Trans. R. Soc. B Biol.
Sci. 368: 1–11. doi:10.1098/rstb.2012.0264
Ricklefs, R., and J. Starck. 1996. Application of phylogeneti-
cally independent contrasts: A mixed progress report.
Oikos 77: 167–172. doi:10.2307/3545598
Rocap, G., D. Distel, J. Waterbury, and S. Chisholm. 2002.
Resolution of Prochlorococcus and Synechococcus ecotypes
by using 16S-23S ribosomal DNA internal transcribed
spacer sequences. Appl. Environ. Microbiol. 68: 1180–
1191. doi:10.1128/AEM.68.3.1180-1191.2002
Sal, S., and A. Lopez-Urrutia. 2011. Comment: Temperature,
nutrients, and the size-scaling of phytoplankton growth
in the sea. Limnol. Oceanogr. 56: 1952–1955. doi:
10.4319/lo.2011.56.5.1952
Sommer, U. 1989. Maximal growth-rates of antarctic phyto-
plankton - Only weak dependence on cell-size. Limnol.
Oceanogr. 34: 1109–1112. doi:10.4319/lo.1989.34.6.1109
Tang, E. 1995. Why do dinoflagellates have lower growth
rates? J. Plankton Res. 17: 1325–1335. doi:10.1111/j.0022-
3646.1996.00080.x
Thomas, M. K., C. T. Kremer, C. A. Klausmeier, and E.
Litchman. 2012. A global pattern of thermal adaptation
in marine phytoplankton. Science 338: 1085–1088. doi:
10.1126/science.1224836
Throndsen, J. 1976. Occurrence and productivity of small
marine flagellates. Nord J. Bot. 23: 269–293.
Ting, C., C. Hsieh, S. Sundararaman, C. Mannella, and M.
Marko. 2007. Cryo-electron tomography reveals the com-
parative three-dimensional architecture of Prochlorococcus,
a globally important marine cyanobacterium. J. Bacteriol.
189: 4485–4493. doi:10.1128/JB.01948-06
Urbach, E., D. Scanlan, D. Distel, J. Waterbury, and S.
Chisholm. 1998. Rapid diversification of marine picophy-
toplankton with dissimilar light-harvesting structures
inferred from sequences of Prochlorococcus and Synechococ-
cus (Cyanobacteria). J. Mol. Evol. 46: 188–201. doi:
10.1007/PL00006294
Acknowledgments
This work was partially supported by projects METabolic OCean
Analysis (METOCA) funded by Spanish National Investiga-
tion1Development1Innovation (I1D1I) Plan and Modelado de las
reglas de ensamblado y estabilidad de los ecosistemas de comunidades
planctonicas en el oceano global (MARES - CGL2013-41256-P). Finan-
cial support was also provided by the Principado de Asturias FEDER
(GRUPIN14-144) S.S. was funded by a Formacion de Personal Universi-
tario (FPU) grant program from Spanish Ministry of Education (MEC).
F.G. was funded by a Formacion de Personal Investigador (FPI) grant
program from Spanish Ministry of Economy and Competitivity
(MINECO).
Submitted 30 October 2014
Revised 22 February 2015
Accepted 4 March 2015
Associate Editor: Dr. Heidi Sosik
Sal et al. Temperature, phylogeny, & phytoplankton allometry
1221
